sclerosing cholangitis (PsC)] were conducted. the combination of 133 UC loci yielded good UC risk predictability [area under the curve (aUC) of 0.86]. a higher cumulative allele score predicted higher UC risk. through lr, several lines of evidence for genetic interactions were identified and successfully replicated in the WtCCC cohort. the genetic interactions combined with the gene-smoking interaction significantly improved predictability in the model (aUC, from 0.86 to 0.89, P = 3.26e−05). explained UC variance increased from 37 to 42 % after adding the interaction terms. a within case analysis found suggested genetic association with PsC. Our study demonstrates that the lr methodology allows the identification and replication of high-order genetic interactions in UC GWas datasets. UC risk can be predicted by a 133 loci and improved by adding gene-gene and gene-environment interactions.
Introduction
While the precise etiology of ulcerative colitis (UC) remains elusive, both genetic and non-genetic factors are involved in its pathogenesis (Danese and Fiocchi 2011) . In terms of genetic factors, recent genome-wide association study (GWas) meta-analyses have identified 23 UC-specific risk loci in addition to 110 loci that are associated with both UC and Crohn's disease (CD) (Jostins et al. 2012) . However, the value of these genetic variants in clinical practice, the role of gene-gene interactions, and the input of environmental factors are still unclear. some of the non-genetic factors associated with UC include luminal microbiota, mucosal immune response, cigarette smoking and prior appendectomy. smoking has been shown to have a protective effect against the development of UC and has been associated with a reduced risk of colectomy (aldhous et al. 2007; Boyko et al. 1987; Mahid et al. 2006; szamosi et al. 2010) . Prior appendectomy for appendicitis has been linked to a lower risk of UC (Frisch et al. 2009; Hallas et al. 2004 ), but the effect of appendectomy on UC disease course remains inconclusive (Gardenbroek et al. 2012) .
analysis of single genetic markers has limited value in predicting risk for complex diseases such as inflammatory bowel disease (IBD), but the predictive value of combining multiple common genetic variants can be improved upon, especially when GWas data are incorporated (liu and song 2010; Wang et al. 2013; Wray et al. 2007; Yang et al. 2003) . the development of cumulative UC genetic risk scores based on GWas results to predict disease risk could provide better strategies for disease screening, guide extent of diagnostic testing, and potentially affect treatment choices.
In addition, only a limited proportion of total disease variance has been explained by the identified UC genetic loci (Jostins et al. 2012 ). therefore, it is possible that defining gene-gene and gene-environment interactions could uncover missing variances left out from additive genetic models and could provide better UC risk predictive models. applying the logic regression (lr) methodology, a new adaptive regression method to search for logical interactions of binary predictors (ruczinski et al. 2003, 2004; schwender and ruczinski 2010), we recently successfully identified and replicated high-order genetic interactions among five CD associated genetic loci, NOD2, ATG16L1, IL10/IL19, C13orf31 and chr21q (Wang et al. 2013) .
the aims of this study are to assess the distribution and UC risk predictability of the 133 UC-associated meta-analysis loci to explore high-order genetic interactions using lr in two independent GWas cohorts (a discovery cohort and a replication cohort), and to identify genotype-phenotype correlations. We also perform genetic and environmental association analyses taking into account UC sub-phenotypes and conduct exploratory gene-environment interactions.
Materials and methods

GWas datasets
two GWas datasets were used for this study, the Cleveland Clinic/University of Pittsburgh (CC/UP) IBD GWas and the Wellcome trust Case-Control Consortium (WtCCC) UC GWas. the CC/UP GWas dataset was used for the cumulative risk allele analysis, as the discovery dataset for evaluation of high-order genetic interactions, and for the genotype-phenotype correlation analyses. the study design and data collection of this GWas have been previously described (achkar et al. 2012) . Of note, the full GWas has not yet been completed as the replication phase of the study is ongoing. However, we were able to pursue the current study as its main purposes were to predict UC risk using the 133 UC GWas meta-analysis loci and to identify highorder genetic interactions through a novel methodological approach. In brief, this GWas consists of 566 UC cases and 1,436 unrelated healthy controls, all of non-Jewish, european ancestry, who were genotyped using the Illumina Human Omni1-Quad beadchip (Illumina, san Diego, Ca, Usa) at the Feinstein Institute for Medical research of the north shore-long Island Jewish Health system. all participants gave written informed consent. Genotype imputation of this dataset was performed using 5-Mb regions across the whole genome with the BeaGle imputation program (Browning and Browning 2009) . all but one of the 133 UC meta-analysis snPs were imputed with good quality (R 2 > 0.80) and with Hardy-Weinberg equilibrium (HWe) P value >1.0e−05 in controls. single nucleotide polymorphism (snP) rs6927022 (chromosome 6, base pair position 32,612,397) had poor imputation quality, so rs9272346 (chromosome 6, base pair position 32,604,372, located in HLA-DQA1), which is located 8 kb upstream and is in high linkage disequilibrium (R 2 = 0.84) with rs6927022, was used instead.
the WtCCC2 UC GWas (affymetrix GeneChip 6.0 arrays) was used as the replication dataset for the genetic interaction analyses (Barrett et al. 2009 ). We downloaded the genotype data called by the CHIaMO algorithm (Marchini et al. 2007 ) for the UC samples and the shared controls (the 1958 Birth Cohort and UK Blood service sample) from the WtCCC website. after excluding individuals with evidence of non-european ancestry or poor call rates, 2,361 UC cases and 5,417 controls remained. We applied the following quality control criteria to exclude snPs: (1) HWe test P values <5.7e−07 in controls; (2) minor allele frequency <1 % in UC cases and controls; (3) call rate <99 %; and (4) plate relatedness (suggesting batch effect) provided by WtCCC. In total, 712,972 snPs passed the quality control filters. Of the 133 UC meta-analysis snPs, 71 had been successfully genotyped in the WtCCC2 dataset. the remaining 62 ungenotyped snPs were imputed using the MaCH program (li et al. 2009, 2010) 
Phenotype information
In the CC/UP IBD GWas cohort, all cases and 500 of the controls were administered questionnaires to assess demographic and environmental factors including ethnicity, history of appendectomy (prior to UC diagnosis for cases), and tobacco use (classified as current smoker, past smoker or never smoker at the time of diagnosis for UC subjects and at the time of study enrollment for controls). the remaining 936 controls did not have this information available as explained below. Medical records were reviewed to confirm UC diagnosis and to determine disease phenotypes using the validated nIDDK IBD Genetics Consortium modification of the Montreal Classification as previously described (Dassopoulos et al. 2007) . Patients with indeterminate colitis were not included. Phenotypic data collected for UC subjects included age at diagnosis, maximal macroscopic extent of disease, history of surgical treatment for UC, development of dysplasia or cancer, and presence of extra-intestinal manifestations (eIM) including joint involvement (small joint, large joint, ankylosing spondylitis, sacroiliitis), eye involvement (iritis, uveitis, nonspecific ocular inflammation), skin involvement (erythema nodosum, pyoderma gangrenonum), and primary sclerosing cholangitis (PsC).
statistical analysis
Cumulative allele scores of the 133 UC GWAS loci risk alleles were designated as the alleles reported to be associated with UC in the IBD GWas meta-analysis and the Immunochip replication paper (Jostins et al. 2012) . Odds ratios (Ors) and 95 % confidence intervals (CI) were calculated to estimate single locus effects for risk alleles and genotypes. these analyses were implemented in the Golden Helix svs software suite 7 (Golden Helix, Bozeman, Mt, Usa). the cumulative allele score was determined by summing up the number of risk alleles (in dominant mode) across the 133 UC snPs for each study subject with complete genotype information. estimated UC risk based on cumulative allele score was conducted through conventional logistic regression model using sas 9.2/Genetics package PrOC lOGIstIC procedures (sas Institute, Cary, nC, Usa).
Exploring high-order genetic interactions using LR among 133 UC genes lr (r package logic.reg ver. 1.4.10) was used to search for models of high-order snP interactions. each of the 133 UC snPs was recoded into two binary predictors in dominant and recessive genetic modes. simulated annealing, a stochastic search algorithm with increase of model size (i.e., the complexity of snP logical combinations), implemented in lr was used to search for models composed of logical snP interactions called 'trees' which could explain the disease risk better than single snP models. through the randomization processes, a test for different model sizes can be used to determine an optimal model size and, in combination with the greedy algorithm, a best model can then be identified (ruczinski et al. 2003, 2004; schwender and ruczinski 2010) . to assess the significance of genetic interactions contributed from the trees, we used the following two approaches: (1) we evaluated the UC association of each tree after excluding the marginal effects of the snPs from which the tree was composed. If the adjusted tree association remained significant (P < 0.05), this would support the presence of genetic interactions between the snPs in each tree (Wang et al. 2013 ); (2) within each tree, we examined the significance of effect modification (i.e., interaction) through the conventional logistic regression model which includes pairwise snPs and their interaction terms. the interaction is considered significant if the snP interaction term P value is less than 0.05.
Model predictability and assessment of explained phenotype variance
We then applied standard logistic regression modeling to investigate the predictive accuracy of models derived from the 133 UC snPs with and without including the snP interactions (i.e., trees). Discriminative accuracy was evaluated using the area under the receiver operating characteristic (rOC) curves (aUC). aUCs were calculated for the predicted risks of the logistic regression models, the cumulative allele score, and the linear predictor values of the logistic regression models. aUCs of different models were statistically compared through the sas 9.2 GPlOt procedures (sas Institute, Cary, nC, Usa). Goodness-of-fit tests between the models of 133 UC snPs with and without genetic interactions (i.e., trees) were conducted through the PrOC lOGIstIC and rOC functions in sas 9.2. the estimate of the proportion of disease variation explained by a model can be regarded as a measure of goodness-of-fit to the data and can be done using the McFaddens' likelihood-based pseudo R 2 provided by the sas PrOC lOGIstIC procedure (Makowsky et al. 2011; stokes et al. 2000) .
UC-phenotypes, environmental factors and genotype correlations
In the CC/UP cohort, a total of 566 UC and 1,436 controls subjects were included. among the 1,436 controls, 936 were older controls from an alzheimer GWas using the same Illumina Human Omni1-Quad beadchip (Kamboh et al. 2012) for whom age and gender at study entry were the only phenotypic data available. Otherwise, detailed demographic information, history of tobacco use, history of appendectomy, and UC phenotypic data were available for 504 UC cases and 500 controls and further analyses were performed in this subgroup. two sample t tests were used for continuous variables if the appropriate normality assumptions were valid. nominal data were analyzed using the χ 2 test or Fisher's exact test. a two-tailed P < 0.05 was considered significant.
to assess the associations between tobacco use, history of appendectomy (before UC diagnosis for cases and before study entry for controls) and risk of UC, adjustment of the exposure ascertainment time difference between cases and controls (i.e., age at diagnosis in cases and age at study entry in controls) are necessary and were, therefore, conducted during the association analyses.
We then applied lr in the subgroup of 504 UC subjects and 500 controls with information for the 133 UC snPs and for smoking and appendectomy history and explored possible high-order gene-environment interactions.
Finally, for the 504 UC subjects with phenotypic disease data, we conducted within case genetic association analyses between the 133 snPs and different clinical behaviors: macroscopic left-sided vs. extensive disease; need for surgery vs. no need for surgery; age of diagnosis <20 vs. ≥20 years; eIM positive vs. eIM negative; PsC positive vs. PsC negative. to obtain P values that take into account multiple testing, we performed a random permutation test with 10,000 replications.
Results
Individual effects of 133 snPs on UC risk the UC-associated risk for each of the 23 UC-specific and 110 IBD-common (UC and CD) snPs in the CC/UP dataset is shown in supplementary table 1. the association patterns of effect sizes (Ors) and association directions are similar to those in the recent UC meta-analysis study (Jostins et al. 2012) , suggesting that our dataset is representative of those included in the meta-analysis which consisted of a total of 10,920 UC patients and 15,977 controls (Jostins et al. 2012) .
Cumulative allele score analysis the difference in average cumulative allele scores between UC subjects (96.8 ± sD 4.4; range 80-109) and controls (94.8 ± sD 4.6; range 76-109) was relatively small (Fig. 1 ) but statistically significant (P = 6.0e−08). Figure 2 shows the Ors associated with increasing cumulative allele scores for UC subjects compared to a reference group of UC subjects with ≤92 risk alleles, which represented the lowest 20 % of the total sample in a logistic regression model. logic regression-identified genetic interactions in CC/UP and replicated in WtCCC applying lr to the 133 UC snPs in the CC/UP GWas dataset, four trees (supplementary Figures 2a-D) were identified through the lr randomization model comparison process (Wang et al. 2013 to test whether the lr-identified snP interactions (i.e., trees) added additional information beyond that of the individual snPs from which they were composed, we examined each tree's UC association by excluding the marginal effects of the snPs from which the tree was composed. If the adjusted tree association remained significant (P < 0.05), this would support the presence of genetic interactions between the snPs in each tree (Wang et al. 2013) . as shown in table 1, all four tested trees (trees1-4) in the discovery CC/UP cohort remained significant (nominal P ≤ 0.005) after adjusting for the snPs from which the trees were composed. We then examined trees1-4 in the replicate WtCCC cohort to determine if they provided additional information beyond the snPs from which they were composed. tree1 achieved modest statistical significance (P = 0.07) while trees2-4 remained significant (P < 0.05) after adjusting for the snPs from which the trees were composed (table 1). these results further support and highlight the to further elucidate the effect modification (i.e., interaction) of an snP by another snP within the same tree, we examined the significance of pairwise snP interactions within each tree through a conventional logistic regression model which includes single snPs and their interaction terms. Using this method, we again found significant snP interactions for tree1-4 and successfully replicated these findings in the replicate cohort (supplementary Figures 2a-D) .
Phenotype-genotype correlations in the CC/UP cohort In the CC/UP cohort, there were a total of 566 UC subjects and 1,436 controls. among the controls, 936 were controls recruited from an alzheimer GWas study (Kamboh et al. 2012 ) and these subjects were older than the remaining 500 healthy controls who were recruited as part of IBD studies (age at study entry 75.5 ± 6.3 vs. 46.1 ± 14.2, P < 1.0e−08). the cumulative allele scores between older controls (mean 94.8, sD 4.5) and younger controls (mean 94.8, sD 4.7) were nearly identical (P = 0.85) suggesting that these two groups of controls are comparable for the purposes of our study. History of tobacco use and appendectomy were not available for the alzheimer GWas controls. therefore, detailed demographic information, history of tobacco use and appendectomy, and UC phenotype information were available in a subset of 504 UC cases and 500 controls.
the mean age at study entry for this subset of UC cases and controls was similar (44.3 ± 14.8 vs. 46.1 ± 13.9, P = 0.05) (table 2). there were more males among UC cases compared to controls (56 vs. 44 %, P = 0.0002). the mean age at diagnosis for UC cases was 33.3 years (sD 14.5). among UC subjects, phenotype classifications were as follows: extent of disease (left sided 28.4 %, extensive 71.6 %); need for colectomy 28.1 %; and eIMs involving joints (6.3 %), eyes (2.9 %), skin (2.4 %), and PsC (6.5 %).
after adjustment for gender and age, and using the never smoking subjects as the reference group, current smoking was found to be associated with a reduced risk of UC (Or 0.26, 95 % CI 0.15-0.45, P = 8.09e−07) and conversely, past smoking was associated with an increased risk of UC (Or 1.53, 95 % CI 1.05-2.25, P = 0.02). a history of appendectomy before the diagnosis of UC was associated with a reduced risk of UC (Or 0.45, 95 % CI 0.22-0.92, P = 0.02) after adjustment for gender and age.
Exploring genes and environment interactions
We explored gene-gene and gene-environment (smoking and prior appendectomy) interactions using lr within the subset of 504 UC cases and 500 controls. One tree (tree5, see supplementary Figure 2e ), composed of smoking (including current and past smokers at the time of diagnosis) and four genetic loci, was identified through lr and was found to be significantly associated with UC risk (Or 0.38, 95 % CI 0.29-0.49, P = 7.49e−13 after adjusting for the four snPs from which the tree was composed, tobacco use and the exposure ascertainment time difference between cases and controls, the identified interactions between the four genetic loci and tobacco use remained highly significant (adjusted Or 0.24, 95 % CI 0.12-0.47, P = 2.55e−05) (table 1). We also examined the significance of interaction through conventional logistic regression modeling and found significant genetic interactions and gene-smoking interactions in tree5 (supplementary Figure 2e ). We could not test this tree in the WtCCC dataset for replication because that dataset does not include information about smoking. However, a very intriguing smoking-gene interaction was identified in the discovery CC/UP cohort. among smokers, the risk variant snP rs1126510 (in recessive mode) in CALM3 was not associated with risk of UC (Or 0.84, 95 % CI 0.46-1.54, P = 0.58). However, this genetic association was significantly increased among those who never smoked (Or 2.44, 95 % CI 1.48-4.02, P = 0.0005). In other words, the genetic effect of CALM3 was significantly modified by the exposure of smoking (P interaction = 0.007) (Fig. 3) .
We further assessed the model predictability of the133 UC loci in this subset of 504 UC cases and 500 controls with and without including the genetic interactions (trees1-4) and gene-smoking interaction (tree5). the aUC increased from 86 to 89 %, corresponding to an increase in explained UC variance from 37 to 42 % (P = 3.26e−05), after adding the interactions terms (tree1-5).
Correlations between genotype and UC sub-phenotypes
We next performed a within-case analysis of the 504 UC subjects evaluating sub-phenotypes. analyses for colectomy vs. no colectomy, extensive vs. left-sided disease, age at diagnosis <20 vs. ≥20 years, and eIM vs. no eIM did not achieve statistical significance after multiple testing correction (data not shown). However, for UC with associated PsC versus UC without PsC, two snPs remained significant after correcting for multiple testing: (1) rs38904 (chromosome 7, in the genetic locus of WNT2,CFTR; allele G vs. a, Or 2.78, 95 % CI:1.62-4.76, nominal P = 0.0001; permutated P = 0.01); (2) rs11209026 (chromosome 1, in IL23R; allele a vs. G, Or 4.08, 95 % CI 1.87-8.92, nominal P = 0.0001; permutated P = 0.02).
We also explored gene-gene and gene-environment interactions using lr across the different sub-phenotypes defined above within the 504 UC cases, but no significant interactions were identified.
Discussion
Using a case-control GWas dataset, we found good predictability of UC risk by combining the 133 GWas metaanalysis snPs (aUC of 0.86). Higher cumulative allele scores predicted greater UC risk but, interestingly, our study also highlights that the absolute difference in cumulative allele scores between UC cases and controls, although statistically significant, is relatively small (96.8 ± 4.4 vs. 94.8 ± 4.6; P = 6.0e−08). this small difference implicates influences beyond those at the level of single genetic loci including unidentified rare genetic variants and the involvement of gene-gene and gene-environment interactions. supporting this conclusion, by taking a novel approach of applying lr to our GWas dataset, we identified high-order genetic interactions (trees) among the 133 UC loci and found that risk prediction improved by adding these interactions to the 133 UC snP model. Importantly, high-order snP interactions were successfully replicated in a second large independent WtCCC cohort, thus validating the lr methodology. Furthermore, exploratory gene-environment interaction analysis identified interactions between genes (HLA-DQA1, CALM3, TRIB1, and IL2/IL21) and smoking in the discovery cohort. Our results confirm improved UC risk predictability (aUC increase from 86 to 89 %, P = 3.26e−05) and better explanation of disease variance (pseudo R 2 increase from 37 % to 42 %) by adding the gene-gene and gene-environment interactions we identified through lr.
searching for possible gene-gene and gene-environment interactions can be approached using statistical approaches or functional studies (Berzuini et al. 2012) . the identification of genetic and environmental factors interacting mechanistically may be more useful than simply defining statistical interactions when trying to understand which factors are parts of the biological mechanisms that influence UC susceptibility. to assess whether the lr-identified interactions could add additional information beyond those from the individual predictors in the trees models, we examined the excess risk from the trees in a logistic regression model by eliminating the marginal effects of the individual predictors that made up the trees and found that all four tested trees remained significant. this approach is analogous to testing mechanistic interactions to identify underlying causal mechanisms (Berzuini et al. 2012 ). In addition, we examined the significance of pairwise snP interactions within each tree through conventional logistic regression modeling which includes single predictors and their interaction terms and again found significant snPs interactions with replication for trees1-4. Once novel genetic interactions are identified through lr, the next challenge relates to interpreting and proving that the statistically identified genetic interactions are of importance at a biological level. We highlight tree1 and tree5 as excellent examples of biological plausibility for the identified genetic interactions. tree1, composed of three genetic loci in HLA-DQA1, RIT1/UBQLN4, and IFNG/IL26/IL22, highlights known pathways of host response to microbial organisms. the major histocompatibility complex (MHC) region containing the human leukocyte antigen (Hla) genes was the first identified UC-associated genetic locus (satsangi et al. 1996; toyoda et al. 1993) and includes known encoding genes regulating the immune response to antigens. Our group previously reported that variation at HLA-DRβ1, amino acid 11 in the P6 pocket of the Hla-Dr complex antigen binding cleft is a major determinant associated with UC (achkar et al. 2012) . HLA-DRβ1 and HLA-DQA1 encode for the β-and α-chains, respectively, of class II Hla molecules. UBQLN4, at chromosome 1q21, plays a role in the regulation of proteasomal protein degradation (riley et al. 2004) . Interestingly, two genes PSMB9 and PSMB8, which encode for proteasome subunits, are located in the same haplotype block of the Hla class II region (HLA-DRβ1 and -DQβ1) (Deng et al. 1995) . Furthermore, the IFNG/IL26/IL22 gene combination of tree1 is particularly interesting as the three genes are closely located on chromosome 12 and all their products are essential to mucosal immunity. IFn-γ, the product of IFNG Fig. 3 stratified analysis of genetic effect of CALM3 (snP rs1126510, in recessive mode) on UC risk by the exposure of smoking (interferon-gamma), displays potent immunoregulatory function and induces expression of Hla class II molecules on epithelial cells, as observed in IBD colonic epithelium (selby et al. 1983 ). Il-26, an Il-10 family cytokine, is produced by th17 cells and is present in increased amounts in inflamed colonic tissue of IBD patients (Dambacher et al. 2009 ). a genetic variant in IL26 (rs2870946) was found to be strongly associated with UC (silverberg et al. 2009 ). Il-22 is often co-expressed with Il-26 by activated th17 cells and, together with Il-17, is a major product of innate lymphoid cells (Donnelly et al. 2010 ). More importantly, both Il-22 and Il-17 are essential to the innate immune defense against enteric bacterial antigens (rubino et al. 2012), and Il-22 maintains the epithelial barrier and restores barrier integrity in a mouse model of UC (sugimoto et al. 2008) . thus, when the genetic combinations making up tree1 are taken together, they not only appear to be functionally related, but also intimately involved in an integrated epithelial inflammatory response. this interpretation fits well in our current knowledge of UC pathogenesis and lends considerable support to the lr analytic approach. Clearly, follow-up functional work will be necessary, but the methodology we have used can identify relevant pathway-based approaches to unravel the underlying pathogenesis of UC. similar to our findings, prior studies and a meta-analysis demonstrate that current smoking protects against development of UC while former smoking is associated with increased risk of UC (timmer 2003). Prior epigenetic studies highlight the potential role of gene-environment interactions in UC (Hasler et al. 2012; Quigley 2012) . In our gene-environment analysis, we found evidence for interactions between genes (HLA-DQA1, CALM3, TRIB1, and IL2/IL21) and tobacco use and again, there is evidence to support biological plausibility of these findings. studies of cardiovascular risk in rheumatoid arthritis patients have demonstrated interaction between HLA-DRB1 and smoking through high-affinity binding between protein citrullination induced by smoking and the epitope P4 pocket of HLA-DRB1 with subsequent exaggerated t-cell activation (Hill et al. 2003; Kallberg et al. 2007 ). Calmodulin, encoded by CALM3, mediates the control of different protein kinases. experimental studies show that nicotine exposure up-regulates the calcium/calmodulin-dependent protein kinase II in mice (Damaj 2000) and variants in the TRIB1 (G protein coupled receptor) gene can regulate protein kinase signaling cascades (Kiss-toth et al. 2004) . Il-2 is required for t-cell proliferation and is considered to be a key component of the adaptive immune response. Prior studies show an influence of both cigarette smoking (Ouyang et al. 2000) and genetic variation (Hoffmann et al. 2001 ) on Il-2 expression. Furthermore, animal model supports the concept that smoking exposure can induce th17 cells to promote CD8+ t-cell cytotoxic effect through the increase of Il-21 production (Duan et al. 2012) . Based on these lines of evidence, we conclude that our finding of interaction between genetic factors and smoking is biologically plausible and warrants further investigation in UC pathogenesis studies.
In our CC/UP GWas, 37 % of UC disease variance was explained by the 133 UC loci and increased further to 42 % after adding the high-order gene-gene (trees1-4) and gene-environment interactions (tree5) into the 133 UC loci model. even further explanation of phenotypic variance would be expected through the search of more complicated interaction models within or between IBD-related biological pathways such as Il23/th17, tnF-α, and nF-κB signaling pathways (vaishnava et al. 2008) . Investigating interactions between genes, biological pathways, environmental factors, and the host microbiome would provide the ideal integrated approach to understand IBD pathogenesis.
In addition to evaluating genetic and interaction factors, we performed a genotype-phenotype correlation analysis in the UC only subgroup. to address multiple testing corrections, we performed a random permutation test with 10,000 replicates for each of the five genotype-phenotype correlations. With this correction, the only significant suggestive associations were for two genetic loci, WNT2/CFTR and IL23R, with PsC. PsC, characterized by progressive fibro-obliterative inflammation of the biliary tract, is strongly associated with IBD, but only 3-7 % of IBD (mostly UC) patients will develop PsC (Fausa et al. 1991) . It is relevant for clinicians to know which IBD patients have a higher chance of developing this extra-intestinal complication. In our analysis, there were significant associations between PsC and a genetic locus in CFTR region (rs38904, chr7q31, Or 2.78, 95 % CI 1.62-4.76, permutated P = 0.01). recent studies suggest that CFTR variants may play a role in the development of PsC (McGill et al. 1996) and there are CFtr abnormalities demonstrated by molecular and functional analyses which may contribute to the development of PsC in a subset of patients with IBD (sheth et al. 2003) . We also found suggestive association of PsC risk among UC patients and an IL23R snP (rs11209026, chr1p31, Or 4.08, 95 % CI 1.87-8.92, permutated P = 0.02). Interestingly, our PsC-associated findings were not reported as PsC risk loci in recent GWas studies, but this is likely due to the fact that those studies compared UC patients with PsC to population healthy controls while our study compared UC patients with PsC to UC patients without PsC (ellinghaus et al. 2013; Folseraas et al. 2012; liu et al. 2013) . Our findings in PsC warrant further study in larger samples.
Potential limitations of this study include the relatively small sample size in our CC/UP GWas (566 UC and 1,436 controls), which may explain why many of the 133 UC snPs did not achieve genome-wide level of significance. Detailed clinical phenotypic information and environmental factors were limited to a smaller subset (504 UC and 500 controls), which may limit the generalizability of study findings. also, the assumptions of dominant and recessive genetic modes while searching for the genetic interactions using lr may not exactly represent the complex hereditary patterns of IBD loci. Finally, despite using a high imputation accuracy program like MaCH (li et al. 2009 MaCH (li et al. , 2010 , several factors can still affect imputation results, including the density of genotype platform in the experimental samples, level of linkage disequilibrium in different genetic regions, minor allele frequency of the marker being imputed, and degree of genetic relationship or population heterogeneity between the experimental and reference populations.
In conclusion, using the lr approach, we found higher disease risk with increasing UC risk allele burden, evidence for high-order genetic interactions (trees1-4), biologically plausible gene-smoking interactions (tree5), and improved disease predictability. Potential future applications of this approach include verifying these findings in a larger population-based cohort, defining the biological significance of suggested interactions in cell line or animal models, and searching for further interactions using meta-genomic approaches that integrate genes, biological pathways, environmental factors, and the host microbiome.
